Abstract-Reducing the power consumption of base stations is crucial to enhancing the energy efficiency of cellular networks. As the number of mobile users increases exponentially, enhancing the spectrum efficiency is also critical in order to accommodate more users. In this paper, by exploiting the cooperation between secondary base stations (SBSs) and primary base stations (PBSs), we propose a new energy spectrum trading model to enhance the energy as well as spectrum efficiency of cellular networks. In our scheme, by leveraging cognitive radio, PBSs share some portion of their licensed spectrum with SBSs, and SBSs, in exchange, provide data service to the primary users under their coverage. We first prove that the power consumption minimization problem is NP-hard. Then, to decrease the computational complexity, we design an efficient distributed auction model including green energy aware bidding (GEAB) and adaptive bid selection (ABS) algorithms, to achieve a good approximation of the optimal solution in less time. Our simulation results show that the cooperation between PBS and SBSs via ABS and GEAB algorithms can significantly improve the energy and spectral efficiency of cellular networks by nearly doubling the number of offloaded users and reducing the PBS power consumption by up to 40% as compared to existing approaches. Furthermore, green energy utilization among SBSs is increased by nearly 25%.
I. INTRODUCTION

O
WING to the direct impact of greenhouse gases on the earth environment and the climate change, the energy consumption of Information and Communications Technology (ICT) industry is becoming an environmental and thus social and economical concern [1] , [2] . In fact, recent researches estimate that nearly 4% of the worldwide electricity consumption and 2% of the worldwide carbon emission are generated by the ICT sector [3] . A rise in power consumption at the rate of 12 − 15% per year in both data centers and server farms [4] as well as in mobile networks [1] has been observed, corresponding to a doubling every 7-8 years [5] . Therefore, greening cellular networks is crucial to reducing the carbon footprints of ICT, and this issue has attracted tremendous research efforts from both academia and industry in recent years [6] .
A. Related Works
Efforts on greening cellular networks can be classified into three categories. The first category is to increase the capacity of wireless links within a given spectrum, by leveraging new technologies such as beam forming, multiple-input multiple output and coordinated multi-point transmissions [7] , [8] . The second category is to design heterogeneous wireless networks with multiple radio access technologies to improve the energy efficiency as well as spectrum efficiency in dense environments. Yousefvand et al. [9] , [10] proposed a capacity optimized spectrum allocation model to increase spectrum efficiency of cognitive radio networks. By taking advantage of some enabling technologies like cognitive radio, more users can be accommodated in dense areas without increasing the number of base stations, thus potentially leading to a significant reduction of network energy consumption. High density deployment of small, low power base stations can achieve a higher network energy efficiency than that of sparse deployment of few high power base stations can [11] , [12] . The third category is to develop novel network management systems and mobile association schemes to enable cellular networks to adapt to the traffic intensity as well as the energy supplies. Usually, cellular networks are dimensioned for peak hour traffic, and thus the utilization of BSs can be very inefficient during the off-peak hours. The most intuitive idea is to switch off the transceivers when the traffic load is below a certain threshold for a certain time period [13] . When some base stations are switched off, radio coverage and service provisioning for mobile users will be carried out by those BSs that remain active in that neighborhood [14] - [16] . In addition, exploiting some renewable energy sources such as sustainable biofuels, solar and wind energy is a promising option to save the on-grid energy consumed by BSs and reduce the CO2 footprint. To reduce on-grid energy consumptions in wireless networks by harvesting green energy, many dynamic energy harvesting techniques have been proposed recently [17] - [23] . In [17] and [18] a secondary transmitter (ST) opportunistically acts as a relay node to assist the transmission from 2473-2400 c 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
a primary transmitter (PT) to a primary receiver (PR), and the secondary receiver (SR) is equipped with a function of energy harvesting (EH). STs are able to harvest energy from the received signals from PTs and other RF signals in ambient environment, to serve their own receivers and PTs. They cooperate with PTs as relays and aim to ask for a right to access the licensed spectrum to transmit their own information. Zhai et al. [19] studied cooperative spectrum sharing in cognitive radio networks, in which each primary user (PU) should harvest energy from the wireless signal sent by its access point (AP) and the PU can use the harvested energy to transmit its data over the reverse link to the AP. To prevent data transmission to fail, secondary BSs with the shortest distance toward the PU will serve as secondary transmitter to enhance the quality of the transmission between PU and its AP. In fact, the SUs can exploit their energy transfer and relaying functions to improve the performance of the primary system to exchange for some spectra. In [20] , SU transmissions have been optimized based on the energy harvested from PUs traffic application. Zhang et al. [21] proposed a framework for energy harvesting cognitive radio sensor networks, to achieve two goals to balance sensors energy consumption and energy harvesting while stabilizing their data and energy queues, and to optimize the utilization of the licensed spectrum while maintaining a tolerable collision rate between the licensed subscriber and unlicensed sensors. Zhang et al. [22] considered a heterogeneous CR sensor network, which consists of EH-enabled spectrum sensors and battery-powered data sensors. They then proposed a resource-allocation solution for the network to achieve the sustainability of spectrum sensors and conserve the energy of data sensors. The transmission time, power, and channels are allocated such that the energy consumption of the data sensors is minimized. Huang and Ansari [23] presented a new power-allocation scheme for a decode-and-forward (DF) relaying-enhanced cooperative wireless systems. Then, based on different harvesting efficiency values and channel conditions, closed-form solutions are derived to obtain the optimal joint source and relay power allocation. Besides the energy efficiency, the spectrum efficiency is also critical for mobile base stations specially in dense areas, where the number of active mobile users is higher than the capacity of PBS. In this situation, offloading some of the cell edge mobile users to overlay small cells or small base stations who have a better channel gain toward PUs will help PBS to accommodate more users, as low power transmissions between small BSs and mobile users will consume less bandwidth [24] . Qutqut et al. [25] proposed a History-based Offloading Framework (HOF) to relieve macro networks from data traffic generated by mobile users in public transportation vehicles. Spectrum auctions [26] are among the popular spectrum trading schemes which let the spectrum license holders to sell and lease their underutilized spectrum based on a dynamic pricing scheme, to increase their utilities. Attar et al. [27] have addressed the challenges facing realtime secondary spectrum auctions and classified them into some categories based on the central spectrum coordinator interactions with other players like end users and regulatory bodies. Gandhi et al. [28] proposed a low complexity auction framework to share spectrum among wireless users with realtime traffic. They evaluated the effects of two different pricing and bidding algorithms on the tradeoff between revenue and fairness. Wang et al. [29] proposed an auction based spectrum sharing model for SUs, in which SU behavior is considered to be cooperative in the sensing phase, and non-cooperative in the transmission phase. Bogucka et al. [30] presented a secondary spectrum trading model for TV White Spaces (TVWS) by considering two merchant and auctioneer modes for the centralized spectrum broker. Tehrani and Uysal [31] proposed an auction model to maximize the revenue of the wireless service provider by optimizing the sensing time of SUs, with the consideration of the risk of imperfect spectrum sensing. Pastirčák et al. [32] also presented a risk based spectrum auction model to evaluate the effects of the sensing time on the secondary BSs revenue as an auctioneer. Note that in nearly all of these auction models, the authors have considered an opportunistic spectrum access paradigm in which secondary users perform spectrum sensing and secondary BS serves as an auctioneer to share the unused spectrum, usually in TVWS, among SUs. While for the first time, Han and Ansari [33] proposed an auction model which exploits the cooperation between PBS and SBSs to increase the power efficiency of PBS, in which PBS will run the auction as an auctioneer and SBSs will do bidding for the licensed spectrum offered by PBS.
B. Main Contributions and Novelty
In this paper, we propose a novel auction-based distributed energy-spectrum trading (EST) model to improve the energy efficiency as well as the spectral efficiency of cellular networks. The preliminary results of this work have been presented in [33] . By leveraging cognitive radio techniques, the EST scheme enables spectrum sharing between PBSs and SBSs to reduce the power consumption of PBSs and increase the spectral efficiency of cellular networks. In this work, the PBS is a macro/micro BS with licensed spectrum which belongs to the mobile network and provides data services to PUs, which are actually mobile users, within a large area. The SBS is a radio access point, usually a Wi-Fi hot spot of an ISP network, aiming to provide data services to SUs within its coverage area via either the unlicensed spectrum or the licensed spectrum. The PBS has an exclusive access to the licensed band. However, owing to the wireless channel fading between the PBS and PUs, providing high data rates to the PUs, especially to those located at the cell edge boundary, is both bandwidth and power consuming. As compared with the PBS, those SBSs who are closer to any given PU may experience less wireless channel fading and have higher spectral and energy efficiency in providing data services to that PU. Our proposed model enables PBS to trade its spectrum for power saving. Using this scheme, PBS shares the licensed spectrum with SBSs, and the SBSs provide data services to the primary users under their coverage in return. In the EST scheme, at the beginning of each time slot, the SBSs bid for the spectrum usage according to their bidding policy. Then, the PBS decides about the winning bids according to the proposed winning bid selection algorithm. After each round of auctions, in order to enhance their efficiency, both SBSs and PBS can adjust their bidding and bid selection algorithms by adapting to the data obtained from the previous auction results in the previous time slot. In our auction-based EST scheme, the truth telling is proved to be the dominant strategy for SBSs that enables the auction game to converge to the Nash equilibrium. The main contributions of this work are in the following three areas.
• First, regarding the high amount of static energy consumption of PBS which in low load situations contributes up to nearly 70% of the total PBSs energy consumption [34] , we consider an on/off model for PBS to be able to switch the PBS to sleep mode in low load situations to save more energy.
• We also consider the case that the SBSs are equipped with green energy generators in our network model, and then we let their bidding algorithm to be adaptive to their current green energy level, to maximize the SBSs green energy utilization and reduce their cost, and also increase the fairness among SBSs in serving PUs.
• Furthermore, unlike the previous model [33] , we dynamically use the bandwidth gain of currently offloaded PUs, to increase the PBS bandwidth threshold for remaining PUs to increase their chance of offloading, and this way not only we reduce the energy consumption of PBS but also we increase its chance of going into the sleep mode by increasing the number of offloaded PUs. Simulation results show that each of these three approaches can increase the efficiency of our proposed auction model significantly.
C. Paper Organization
The rest of this paper is organized as follows. In Section II, we define the system model which includes the network model, communications model and energy consumption model. In Section III, we formulate an enhanced power consumption minimization (EPCM) algorithm to minimize the power consumption of PBS. In Section IV, regarding the inefficiency of EPCM for large scale networks, we propose our distributed auction model to solve the EST problem. In Section V, we present the simulation results to show the efficiency of the proposed algorithms, and finally we conclude this paper in Section VI.
II. SYSTEM MODEL
A. Network Model
As shown in the Fig. 1 , we consider a network model with one PBS in the center, and several overlay SBSs around with some common coverage areas. In our work, PBS belongs to the mobile network while SBSs are Wi-Fi hotspots belonging to the ISP network. PBS has the privilege to use its licensed spectrum to provide data service to its mobile users, here considered as primary users. Meanwhile, SBSs can also provide data service to those PUs that are located within their coverage domain. As we know, current smart phones and user equipments (UEs) can support both Wi-Fi and cellular technologies at the same time; thus, they are able to receive the data service from both of them. To motivate SBSs to provide data service to these PUs, PBS will grant some portion of its licensed spectrum to the serving SBSs. Obviously, the amount of the granted spectrum should be more than the actual spectrum needed by SBSs to provide data service to PUs, otherwise they do not have any incentive to do that. The difference between the granted spectrum from PBS and the actual bandwidth that SBSs need to serve the offloaded PUs will be used by SBSs to serve their own SUs. So, the PUs within SBS's coverage area can be associated with either the PBS or a SBS. We assume that the position of users may change from one iteration to the other, but the position of users is fixed within a single auction period. In fact, as long as the duration of auction periods are not too long, we can disregard the users mobility within time slots for the sake of simplicity, and lower time complexity in finding the optimal solution.
As we can see in Fig. 1 for those PUs which are closer to SBSs and usually located at a cell boundary, SBSs can serve them by utilizing only a portion of the allocated bandwidth by PBS. The residual bandwidth can be utilized by SBSs to fulfill their own SUs data rate requirements. For example, in Fig. 1 , if PU 1 is associated with the PBS, the PBS should allocate 2 MHz bandwidth to PU 1 to satisfy its minimum data rate requirement. If associated with the SBS 1, PU 1 may only require 1 MHz to ensure its minimum data rate. If the PBS offloads PU 1 to SBS 1 and grants it with 2 MHz bandwidth, then SBS 1 spends 1 MHz of the granted bandwidth to serve PU 1, and the other 1 MHz bandwidth can be utilized to enhance QoS of its SUs. Therefore, the EST scheme enables the PBS to reduce its power consumption by offloading some of the PUs to SBSs, and allows SBSs to enhance their QoSs to SUs by utilizing the licensed bandwidth. Since SBSs usually have a low transmit power, the power consumption and the spectrum usages of mobile networks in providing data services to PUs will be reduced. Thus, the EST scheme enhances both the energy efficiency and the spectral efficiency of mobile networks.
B. Communications Model
In cellular networks, the total spectrum is usually split into multiple channels with fixed bandwidth. In this work, we assume that the total licensed spectrum, here denoted as W, can be splitted into some orthogonal channels, like in OFDMA, with arbitrary amounts of bandwidth. Each channel then will be allocated to an individual PU as needed to satisfy its QoS requirements. The amount of bandwidth allocated in each channel is optimized to minimize the PBS's power consumption. We also assume both PUs and SUs experience frequency flat fading to focus on the amount of bandwidth allocated to PUs and SBSs instead of specifying which part of the spectrum to be allocated. The time will be splitted up into time frames, each with duration of T. Users locations will be considered as fixed during each time frame. Therefore, disregarding the small-scale channel fading variations, we model the wireless channel as a slow-fading channel which reflects the large-scale fading between BSs and users. At the beginning of each time frame or EST iteration, the k-th SBS will calculate its bandwidth requirement, k,i , to serve PU i which is within its coverage domain. Calculation of k,i consists of two steps: first, the k-th SBS calculates its required bandwidth, p k,i , to satisfy PU i's minimum data rate, r i min . The second part is to calculate the k-th SBS's required bandwidth to serve its own SUs, s k,i , to compensate for the cost of serving PU i. So we have:
To calculate the first part, p k,i , assuming the k-th SBS's transmit power-spectral density is p s , the channel fading between the k-th SBS and the i-th PU is h s k,i , and the channel noise density is N 0 , the required bandwidth by SBS k to serve PU i, p k,i , can be derived by solving this equation:
The second part of Eq. 1, which relates to the cost, may be different for different ISPs. For example, in Fig. 1 , the second ISP utilizes green energy powered base stations. It enables SBS 2 to ask for less bandwidth to serve PU 15 as compared to SBS 1 which also covers this PU but does not have any green energy source. Thus, as compared with other ISPs, the second ISP may incur a smaller cost in serving PUs. In this paper, in the centralized Power Consumption Minimization (PCM) algorithm presented in Section III, s k,i is assumed to be fixed and proportional to the first part, p k,i , for all SBSs. However, in our distributed auction model presented in Section IV, we propose a green energy aware bidding algorithm to adapt s k,i to the potential green energy utilization of SBSs in serving PUs, to reduce their cost and maximize the green energy utilization across ISP networks. Upon receiving the bids, k,i , from different SBSs, the energy spectrum trading server located in the mobile network will optimize the user-BS associations and bandwidth allocations to minimize the energy. As shown in Fig. 1 , during each time slot each PU can be either served by a SBS, like PU 1, or served by PBS, like PU 6, or remain silent during that time slot, like PU 5. We assume the auction between PBS and SBSs is happening on a periodic basis, and the duration of each period depends on the application scenario and also the dynamics of change in the spectral environment. If SUs applications are interactive apps with short term data, we can shrink the auction period to capture changes on the spectral environment better.
C. Energy Consumption Model
The PBS power consumption consists of two parts: the static power consumption, here denoted as p st , and the dynamic power consumption [35] . The static part refers to the power consumption of PBS without any traffic load. The dynamic part refers to the additional power consumption caused by traffic load on the PBS. To focus on reducing the dynamic power consumption of PBS, by offloading its traffic to SBSs, we did not consider the static part in the PCM algorithm presented in our previous work [33] . However, in this work regarding this fact that in low load situations, the static power consumption contributes up to 70% of the total power consumption of BSs [34] , we will consider both static and dynamic parts in our power consumption model for PBS. In fact, considering the on-off operating model for PBS, we will model the PBS power consumption as the summation of the PBS transmission power toward the PUs plus the fixed power consumption of PBS, p st . If there is no PU associated with the PBS in each time slot, the PBS will go to the sleep mode in that time slot to save energy. In this paper, p st is considered to be equal to 0 or p fix depending to the state of the PBS:
where p fix is a fixed constant, U is the set of PUs, and μ i is a binary variable whose value is equal to 1 if PU i is associated with the PBS, and 0 otherwise. While the dynamic power consumption of the PBS is considered as a linear function of the PBS transmit power. Therefore, the total power consumption of the PBS, C, can be modeled as:
Here, α is a coefficient which shows the relationship between the PBS dynamic energy consumption and the summation of the PBS transmit power toward its associated PUs, μ i is the same as defined in Eq. 3, w i is the amount of bandwidth allocated to the primary user i, and p i is the PBS transmit power spectral density in w i .
III. EPCM PROBLEM
In our energy spectrum trading model, the main objective of the PBS is to minimize its power consumption by offloading the data traffic of its PUs to overlay SBSs, and grant them some portion of its licensed spectrum as an incentive. According to the Shannon-Hartley theorem, for any PU i associated to the PBS, the PBS transmit power toward that user, p i , is a function of the bandwidth allocated to that user, w i , and the data rate of that user, r i ; it can be expressed as:
So, considering r i to be fixed for every PU, for the PBS to reduce its energy consumption, it should either offload PUs to overlay SBSs or to provide them with more bandwidth, w i , to reduce its transmission power spectral density, p i , toward them. Also, we have considered an on-off model for PBS. According to the on-off model for the PBS represented in Eq. 3, the PBS will go to sleep in any time slot in which none of the PUs is associated with it in that time slot. Therefore, the EPCM problem can be formulated as follows:
subject to:
where x is a binary variable representing the state of the PBS, i.e., it equals to 0 if PBS is in the sleep mode, and 1 otherwise. S is the set of SBSs. β k,i is a binary variable which equals to 1 if PU i is associated with SBS k, and 0 otherwise. r min i is the minimum data rate required by PU i, and p max is the PBS maximum transmit power spectral density. Eq. 6 denotes our objective function which is the total power consumption of PBS. Eq. 7 guarantees that the aggregate bandwidth allocated to PUs and SUs is not higher than the maximum available bandwidth at PBS. Eq. 8 and Eq. 9 are two constraints to assure that users will get their minimum data rate, and also to assure that their allocated transmission powers are less than the maximum allowable transmission power at PBS, respectively. Eq. 10 guarantees that one user cannot be allocated to more than one BS.
Theorem 1: The EPCM problem is an NP-hard problem.
Proof: See the Appendix.
IV. DISTRIBUTED AUCTION MODEL FOR EST
Since the EPCM problem is NP-hard and computationally inefficient, it is not easy to solve it especially when we have a large number of PBSs, SBSs, and PUs in our network. We thus design a distributed auction-based EST scheme to approximate the EPCM solution and solve it in less time. In the auctionbased EST scheme, SBSs bid for the spectrum in each time slot while the PBS selects its cooperators based on the given bids to minimize its power consumption. The interactions between the PBS and SBSs are modeled as a repeated second price auction game, in which the players are the PBS and SBSs, and the actions are 1) SBSs choose the bandwidth requirement in serving individual PUs within their coverage; 2) the PBS calculates the maximum amount of bandwidth that can be allocated to individual PUs and decides the winning bids. We next present both the PBS and SBSs bidding and bid selection algorithms, respectively.
A. Green Energy Aware Bidding (GEAB)
In our previous bidding algorithm for SBSs presented in [33] , the SBSs will calculate their bids, φ k,i , to serve PUs under their coverage based on Eq. 1. As we can see in this equation, SBSs bids are only a function of their required bandwidth to satisfy data rates for primary and secondary users under their coverage and it is not related to their power consumption, while the power consumption is an important issue in mobile networks. In this work, because we have green energy powered SBSs in our network model, we present a new green energy aware bidding (GEAB) algorithm for SBSs to reduce their cost in serving PUs and increase green energy consumption across the network. In GEAB, SBSs bids will be adapted to their available green energy level in a way that SBSs with higher available green energy will ask for less bandwidth to serve PUs, thus increasing their chance of winning in the auction.
So, by giving more priority to those SBSs with higher green energy level to serve PUs in GEAB, the total green energy utilization will be increased across the ISP networks. In GEAB, the SBSs bids, k,i , will be derived from
Here, φ p k,i is the same as in Eq. 1, and φ G k,i is the amount of BW that SBS k asks for as a reward to serve PU i, with respect to its green energy utilization in serving this user. Actually, φ G k,i should be higher than the minimum bandwidth required by SBS k to serve at least one SU, φ min k . We assume the SU minimum data rate isr min k . So, the minimum BW required by SBS k to serve SU j is:
If we denote G k as the total green energy available in SBS k and N k as the number of PUs covered by SBS k, then the green energy utilization of SBS k in serving PU i, G k,i , can be estimated as
Here, G k /N k estimates the amount of available green energy per user at SBS k, and αp s φ p k,i is the actual amount of energy needed by SBS k to serve PU i according to our linear power consumption model presented in Section III-C. After estimating G k,i , the SBSs can calculate φ G k,i from the equation below:
Here, γ is a scaling factor representing the weight (importance) of green energy utilization in SBSs bids. Based on 
end for return φ k,i and U s k Eqs. (19)- (21), it can be proved that the fairness among SBSs in GEAB will be increased, as those SBSs who have been serving PUs continuously in the previous time slots have lower chance to win in the next time slots due to their lower residual green energy level as compared to their neighboring SBSs. So, GEAB not only increases green energy utilization, but also prevents starvation among SBSs in serving PUs and will promote fairness. The GEAB algorithm, as described above, is illustrated in Algorithm 1. In this algorithm, U s k and S k denote the set of PUs and SUs under the coverage of SBS k, respectively.
In Part 1 of this algorithm, SBSs calculate the amount of bandwidth they need to serve the data rate of PUs under their coverage, φ p k,i . Then in Part 2, each SBS k finds J which is the index of the SU under its coverage which has the best channel condition toward the SBS, and thus this incurs the minimum bandwidth to be served by SBS. Next in Part 3, SBSs calculate their green energy utilization in serving any PU i under their coverage, based on Eq. 13. Then they calculate the extra bandwidth they must ask as a reward to serve any PU, and they make sure that this amount of bandwidth is enough to serve at least one SU, by comparing it with the minimum amount of bandwidth they require to serve one SU, as calculated in Part 2. Finally, after calculating φ k,i which is the total bandwidth required by SBSs to serve PU i, the SBSs will submit it to the PBS as their bid for serving PU i under their coverage.
B. Adaptive Bid Selection (ABS)
After receiving all the bids from SBSs, the PBS will run the bid selection algorithm to decide about offloading PUs. In our previous bid selection algorithm [33] , for each PU i, it will be offloaded if there is at least one received bid for that user, φ k,i , with bandwidth requirement less than the maximum allocated bandwidth to that user by the PBS, w max i . However, we know that by offloading each PU i, the difference between its predefined bandwidth, w max i , and the actual amount of bandwidth granted to its serving SBS, denoted as W i,k , will be available to the PBS as a new resource. We denote this new bandwidth obtained from offloading PU i as W i
In our previous work, we did not use this new resource, while in this work, we propose an adaptive bid selection (ABS) algorithm to capture these new resources and dynamically increase the PBSs offloading threshold for the remaining PUs. This way, the PBS will be able to offload more PUs by having more bandwidth resources available, thus reducing its power consumption as well as its chance for going to the sleep mode. The pseudo code of the ABS algorithm, as described above, is shown in Algorithm 2. In this algorithm, S is the set of SBSs, U is the set of PUs, and is the set of offloaded PUs. The algorithm consists of two rounds. In the first round, the PBS will check all the received bids for every single PU to find the best received bid for every PU. Then it compares the best received bid for any PU with the predefined bandwidth threshold for that PU, to see if that user can be offloaded or not. If the best received bid for any PU is less than the predefined threshold for that user, then that user will be offloaded to the winning SBS, and the list of offloaded users at PBS will be updated, otherwise that PU will be assigned to the PBS. Note that the actual amount of bandwidth granted to the winning SBSs, W i,k , will be calculated according to the second price auction game. If we denote m = arg min j∈S,j =k φ j,i as the index of the SBS who offered the second best bid for offloading PU i, then the actual bandwidth granted to the winning SBS k, k = arg min j∈S φ j,i , will be W i,k = min(φ m,i , w max i ). After offloading any PU in this round, the bandwidth gain of offloading that user, W i , will be added to the available bandwidth resources for the second round. Also, for those PUs who cannot be offloaded in this round, the difference between the best received bid for them and the bandwidth threshold of the PBS for them, φ i , will be calculated to be used in the next round. In the second round, the PBS will sort the remaining un-offloaded PUs in an increasing order in terms of their required BW to be offloaded. As mentioned earlier that for every un-offloaded PU i, φ i represents the difference between the best received bid and the PBS bandwidth threshold for that PU, and if PBS increases its bandwidth threshold for that PU by this amount, then that PU can also be offloaded. In the second round, the PBS will do this check for all the remaining PUs until its available bandwidth is higher than the minimum bandwidth required to offload any of the remaining un-offloaded PUs. This way, the PBS will maximize the number of offloaded PUs in the second round, using the offloading gain of offloaded users in the first round.
Theorem 2: The ABS algorithm enforces truth telling to be the dominant strategy for individual SBSs that maximizes the profits of individual SBSs.
Proof: Assume φ * k,i to be the actual amount of bandwidth that SBS k requires to serve PU i, φ k,i to be the amount of bandwidth reflected in the bid, and φ m,i to be the amount of bandwidth requested in the second good bid. In this case, if Algorithm 2 Adaptive Bid Selection (ABS) Round 1:
break; end if end for return user-BS associations and W i,k , i ∈ U, k ∈ S. φ k,i > φ * k,i which means that SBS k asks for more bandwidth than its actual need, providing that φ k,i < min(φ m,i , w max i ), the SBS k wins the bid and the amount of bandwidth allocated to SBS k will be equal to min(φ m,i , w max
, SBS k will lose the bid because it asks for more bandwidth than its actual need. In this case if SBS k bids for its valuation, φ * k,i , then it wins the bid and the amount of min(φ m,i , w max i ) bandwidth will be allocated to it. So, overbidding will not lead to any gain for SBSs. Now consider the case in which φ k,i < φ * k,i which means that SBS k bids for the amount of spectrum which is less than its actual need. In this case if φ k,i < min(φ m,i , w max i ), SBS k wins the bid, and the amount of min(φ m,i , w max i ) bandwidth will be allocated to it. However, if φ k,i < min(φ m,i , w max i ) < φ * k,i , although SBS k wins the bid, its granted bandwidth is less than its actual need, and thus it will gain negative profit for its bidding. While, if SBS k bids for its actual bandwidth requirement, it will lose the bid and gain zero profit as PU i will be allocated to SBS m. So, this proves that there is no incentive for SBSs to hide their actual need in their bids and to do overbidding or underbidding, as they will not gain anything by doing that.
Theorem 3:
The ABS algorithm will maximize the number of offloaded PUs using the extra bandwidth obtained from offloaded PUs in the first round.
Proof: We prove this theorem by contradiction. Denote = d + n as the total number of offloaded PUs in each algorithm, in which d is the number of PUs for which the offloading constraint, φ k,i < w max i , is already satisfied, and n is the number of offloaded PUs for which we have φ k,i > w max i . We know that d is the minimum number of offloaded PUs that will be guaranteed by every algorithm and is fixed for all of them, and so we just focus on n. Let say n = N in the ABS algorithm. If there is a better algorithm, namely, A in which n =N, such thatN > N, then there must be at least one PU that is offloaded in A but is not offloaded in ABS. Now referring to the constraint M = argmin j∈U− φ j in the ABS algorithm which always chooses the users with minimum φ j for offloading, we can infer that φ M < φ for every user M offloaded by the ABS algorithm. It means that W − φ M > W − φ , i.e., the remaining bandwidth for the ABS algorithm is more than that of algorithm A. Regarding this fact that the total bandwidth W and the bandwidth requirements of PUs, φ i , are the same in both algorithms, we can infer that N >N which contradicts with our initial assumption. The fact that the ABS algorithm maximizes the number of offloaded PUs completes the proof.
C. Time Complexity Analysis
As proved in Section III, the EPCM algorithm is NP-hard, and thus it is not scalable for large scale networks with a large number of SBSs, PBSs, and PUs. To reduce the complexity, we propose a distributed auction model which is a combination of GEAB and ABS bidding and bid selection algorithms, respectively. Here, we analyze the complexity of each of these algorithms. For the ABS algorithm, if we consider M as the number of PUs and N as the number of SBSs, then the complexity of the ABS algorithm is O(M.NlogN) as for each PU, the PBS sorts all the received bids from SBSs for that user, and the sorting complexity is O(NlogN) on average, and so the total complexity of the ABS algorithm is O(M.NlogN), which is polynomial. For GEAB, as every SBS runs this algorithm independently of the other SBSs, the time complexity of GEAB is O(M), which is linear. Therefore, the complexity of the proposed distributed auction model is O(M.NlogN), which is polynomial and much less than that of the EPCM problem, which is NP-hard and nonpolynomial. So, it shows that the proposed distributed auction model is scalable and can be used for large scale networks as well.
V. SIMULATION RESULTS
To evaluate the efficiency of our proposed algorithms, we consider a network scenario with 1 PBS in the center of a cell, overlaid with 4 SBSs with some common coverage areas. As shown in Fig. 2 , there are also 30 PUs which are randomly distributed within the coverage domain of the PBS. The positions of PUs may change from one iteration to the other iteration, but we assume the positions of PUs are fixed during one single iteration. Due to the similarity of the system model and objective function of our work with the one presented in [33] , we will compare the efficiency of our proposed algorithms in this work with those presented in [33] . For convenience, here we call the bidding and bid selection algorithms presented in [33] as default bidding (DB) and default bid selection (DBS) algorithms, respectively. We assume that the traffic demand (data rates) of PUs follows a Poisson distribution with the average arrival rate equal to 90Mb per iteration, and the gain of the channel between PUs and the PBS is also modeled by a Gaussian distribution with the average 0.7 and variance 0.1. In the simulations, the PBS maximum transmit power toward individual PU is 2 W. We adopt COST 231 WalfischIkegami [37] as the propagation model with 9 dB Rayleigh fading and 5 dB shadowing fading. The antenna feeder loss is 3 dB, the transmitter gain is 1 dB, the noise density is 10 −10 W/Hz, and the receiver sensitivity is -97 dB. To evaluate the efficiency of the ABS algorithm, we compare the PBS offloading rate in two different auction models, DB-DBS and DB-ABS; one uses the default bidding (DB) and default bid selection (DBS) algorithms presented in [33] , and the other one uses DB algorithm in conjunction with the proposed ABS algorithm. As shown in Fig. 3 , the number of offloaded users in the DB-ABS auction model is higher than that of DB-DBS in almost every single time slot. The reason is that in the ABS algorithm by dynamically increasing the offloading threshold, w max i , for those remaining PUs who are still associated with the PBS, using the offloading gain, W i , obtained from the currently offloaded PUs, the offloading rate is increased by nearly 32% as compared to that of the DBS algorithm. As a result, as we can see in Fig. 4 the PBS's power consumption is reduced considerably. Note that in 6 time slots out of the first 50 time slots, the auction model with the ABS algorithm enables the PBS to offload all the active PUs, and go to sleep. The increasing number of sleep mode time slots along with the increasing number of offloaded users, which reduce the PBS transmission power, enables the PBS to reduce its power consumption by nearly 29% on average. While, in the auction model with the DBS algorithm, the PBS remains operating in every single time slot, thus leading to a huge waste in power consumption. Also, to evaluate the efficiency of the proposed GEAB algorithm, we apply two different auction models, DB-DBS and GEAB-DBS, on the scenario presented in Fig. 2 . One uses default bidding (DB) algorithm presented in [33] , and the other uses the proposed GEAB algorithm in this work. We compare the average green energy utilization of SBSs in these two auction models in Fig. 5 . As shown in this figure, the average green energy utilization of SBSs in the auction model with the GEAB algorithm is increased by nearly 25%. The reason for this is that in our green energy aware biding algorithm, those SBSs with higher green energy level will ask for less bandwidth to serve PUs according to Algorithm 1, and thus they have a higher chance to win in the auction. This way, SBSs with higher green energy level will serve more PUs on average rather than those with brown energy, and thus not only the average green energy utilization of SBSs will be increased, but also the number of offloaded PUs will be increased as SBSs with higher green energy ask for less bandwidth in their bids. As expected and shown in Fig. 6 , the total number of offloaded users after 50 iterations of the auction model with GEAB algorithm is increased by nearly 27% as compared to that of the auction model with DB algorithm. Finally, considering two algorithms for the bidding part of the auction, namely, DB and GEAB algorithms, and two algorithms for the bid selection part, namely, DBS and ABS algorithms, we compare the efficiency of the four possible combinations of these bidding and bid selection algorithms, each as a new auction model, by applying them on the same scenario. Two criteria that we consider for evaluating the effectiveness of these auction models are the number of offloaded PUs, and the power consumption of the PBS. Fig. 7 compares the cumulative number of offloaded users in each of these four auction models after 100 iterations of the auction. As we can see from this figure, the GEAB-ABS auction model, which includes both of the proposed bidding and bid selection algorithms in this paper, outperforms all the other auction models. Taking advantages of both GEAB and ABS algorithms at the same time, the GEAB-ABS auction model dramatically increases the number of offloaded users by 76% as compared to that of the traditional DB-DBS auction model presented in [33] . The other two auction models, GEAB-DBS and DB-ABS, each includes one of the proposed bidding and bid selection algorithms, also lead to a higher offloading rate as compared to the default DB-DBS auction model. By increasing the number of offloaded users using the GEAB-ABS auction model, we not only decrease the transmission power of the PBS, but also increase the number of time slots that PBS can stay in the sleep mode. Hence, we can expect the PBS power consumption to decrease proportionally as well. Fig. 8 compares the cumulative power consumption of the PBS during the first 100 iterations of the four different auction models. As we can see from this figure, the total power consumption of the PBS in the GEAB-ABS auction model is 36% lower than that of the DB-DBS auction model. Note that the reduction in power consumption of the PBS does not have a linear relationship with the increase in the number of offloaded users due to the fact that the major part of the power consumption, as mentioned in our power consumption model, is the static power consumption, which by reducing the number of PUs will not change necessarily unless the PBS goes to the sleep mode. Again as expected, the power consumption of the PBS in DB-ABS, and GEAB-DBS auction models, each includes one of the proposed algorithms, is higher than that of the proposed GEAB-ABS auction model and lower than that of the DB-DBS traditional auction model.
VI. CONCLUSION
Owing to the importance of power consumption in next generation green mobile networks, we have introduced an enhanced auction model for energy spectrum trading between mobile networks and ISP networks to reduce the energy consumption of PBSs in mobile networks. This model includes a pair of adaptive bidding and bid selection algorithms, namely, GEAB and ABS. Based on this model, PBSs can accommodate more users in dense areas by offloading some of PUs to SBSs to increase their spectrum efficiency. Also, PBSs can decrease their energy consumption by offloading some of the PUs to SBSs and granting those serving SBSs a portion of licensed spectrum as an incentive for them to provide data service to PUs. The simulation results demonstrate that implementing the proposed auction model in this work can dramatically increase the number of offloaded users by nearly doubling the offloading rate. It will also reduce the PBSs power consumption significantly (by up to 40% in our simulations) not only by reducing their transmission power, as a result of increasing the number of offloaded users, but also by increasing their chance to enter the sleep mode in low load situations. Also, implementing the green energy aware bidding algorithm presented in this work will increase the average green energy utilization of SBSs in ISP networks by nearly 25%, and thus reduces the cost of SBSs accordingly.
APPENDIX PROOF OF THE THEOREM 1
We prove this theorem by showing that a simplified version of the EPCM problem is reducible to the knapsack problem which is a well-known NP-hard problem [36] . As shown in Eq. 5, when a PU is associated with the PBS, i.e., μ i = 1, the PBS transmission power toward that user is a function of its data rate and bandwidth. Assuming the amount of bandwidth allocated to that user, w i , is given, the derivative of p i with respect to r i is: 
Since p i /r i > 0, it means that having a fixed amount of bandwidth, w i , the PBS power consumption increases as data rate increases. Hence, to minimize the power consumption of PBS, the PUs associated with PBS will always receive their minimum data rate, r min i . So, we can simply remove the constraint 
In fact, p max * w min i is the amount of power saving that can be achieved by PBS by offloading PU i to SBSs. Now if we define W = W − 
The above formulation is exactly equivalent to the zero-one knapsack problem which is an NP-hard problem. So, EPCM problem is also NP-hard.
